Abstract-The scarcity of parking spaces in cities leads to a high demand for timely information about their availability. In this paper, we propose a crowdsensed parking system, namely ParkCrowd, to aggregate on-street and roadside parking space information reliably, and to disseminate this information to drivers in a timely manner. Our system not only collects and disseminates basic information, such as parking hours and price, but also provides drivers with information on the real time and future availability of parking spaces based on aggregated crowd knowledge. To improve the reliability of the information being disseminated, we dynamically evaluate the knowledge of crowd workers based on the veracity of their answers to a series of location-dependent point of interest control questions. We propose a logistic regression-based method to evaluate the reliability of crowd knowledge for real-time parking space information. In addition, a joint probabilistic estimator is employed to infer the future availability of parking spaces based on crowdsensed knowledge. Moreover, to incentivise wider participation of crowd workers, a reliability-based incentivisation method is proposed to reward workers according to their reliability and expertise levels. The efficacy of ParkCrowd for aggregation and the dissemination of parking space information has been evaluated in both real-world tests and simulations. Our results show that the ParkCrowd system is able to accurately identify the reliability level of the crowdsensed information, estimate the potential availability of parking spaces with high accuracy, and be successful in encouraging the participation of more reliable crowd workers by offering them higher monetary rewards.
congestion in urban areas [1] . These problems are especially extreme in the case of on-demand parking in metropolitan centres and densely populated areas around the world [2] . Therefore, there is a strong need to disseminate availability information of vacant parking spaces in real-time. Although drivers can view the locations of parking lots on maps offered by popular location based service (LBS) providers, e.g. Google or Baidu, some important information of nearby unoccupied on-street or off-street parking spaces such as their parking hours, prices as well as the potential availability level are missing from these providers due to the lack of an efficient approach for collecting this information in real-time. It is therefore necessary to design and implement a system for aggregating and disseminating the relevant information for these urban parking spaces.
A. Motivation
The scarcity of parking spaces in cities, especially metropolises such as London, New York and Beijing, leads to high demands for timely information revealing their availability during busy periods of the day. Although off-street parking garages are usually equipped with the necessary infrastructure or personnel to publish the number of unoccupied spaces [3] - [5] , the lack of available spaces and high prices/access delays in these facilities force many drivers to alternative mechanisms such as using on-street and roadside parking spaces on demand (examples of such parking spaces are illustrated in Fig. 1 ). However, the lack of timely information about those kinds of parking spaces frustrates drivers, leading to an increase in congestion, and to unnecessary expenditures of time and money by the drivers looking for vacant spots.
The most straightforward way to provide such information is to publish it on the Internet. This can be done by the owner of the parking space [4] . However, this method doesn't suit scenarios such as free on-street parking and roadside parking lots as there is no incentive to publish this data. The data could be derived by constructing spatiotemporal models and applying them to historical data with geographic 1524-9050 © 2018 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
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correlation [6] , however the published data is usually outof-date and inaccurate for real-time demands. A number of urban parking systems rely on specialised infrastructure, either embedded in roads or in vehicles to capture realtime parking space occupancy [3] , [5] , [7] , [8] . However, the cost to deploy these sensors or short-range communication technologies when scaling to large cities is significant.
B. Our Approach
With the wide adoption of smartphones and other mobile devices, mobile crowdsensing (MCS) [9] - [11] , an approach to outsource data collection tasks among crowd workers, could be a promising solution for the aggregation and dissemination of parking space information. However, recent research or commercial products mainly employ sensors based solutions [3] , [12] , [13] , which are only able to detect the existence of parking spaces, but not other important information such as parking time, hourly price and whether it is privatelyowned or public. Furthermore, these approaches are not able to estimate future availability information and thus hindering the drivers from planning their trip in advance based on future availability.
In this paper, we present ParkCrowd, which takes a "Human-in-the-loop" approach by utilising crowd workers to identify vacant parking spots and score future availability level based on their own predictions. Using the knowledge of crowd workers for parking spaces, ParkCrowd is able to not only provide the real-time availability information, but also offer insights on the future availability of parking spaces to help drivers plan their trips in advance. However, the reliability of the crowd workers' knowledge is highly uncertain and has big impact on the performance of ParkCrowd. In this paper, inspired by the location-dependent nature of parking information, we introduce point of interest (POI) related control questions into the crowdsensing process 1) to estimate the reliability of real-time availability information and 2) to improve the accuracy of estimated future availability. Moreover, to incentive crowd workers' participation as well as to encourage them to provide more reliable information, we build an incentivisation scheme into ParkCrowd to reward workers based on the reliability of contributed knowledge.
The major contributions of this paper are listed as follows:
• We design ParkCrowd, an MCS system for collecting and disseminating vacant parking space information based on crowd workers' knowledge.
• We build models to evaluate the reliability of the crowd workers' knowledge and estimate future parking space availability based on workers' knowledge using locationdependent POI questions. We also propose an incentivisation scheme to reward workers based on the reliability of contributed knowledge.
• We perform extensive simulations to evaluate the performance of ParkCrowd. Moreover, ParkCrowd mobile application has been developed to carry out real-world experiments. Both simulation and real-life results indicate that ParkCrowd performs well in identifying unreliable information, scoring future availability of parking spaces and rewarding workers based on their reliability and efforts level. The remainder of this paper is organised as follows: Section II presents the related work. Section III gives an overview of the ParkCrowd and highlights the problems the system aims to solve. The models used to evaluate the reliability of the workers' contributed knowledge, estimate the parking space availability and calculate rewards are discussed in Section IV. Evaluation results are presented in Section V, including the simulation as well as the mobile system based real-world experiments. We conclude this paper in Section VI.
II. RELATED WORK

A. Smart Parking
Infrastructure based solutions using sensors or cameras have been proposed to measure parking occupancy [3] , [14] - [17] . A commercial product using sensors to detect vacancy of onstreet parking spaces has been built [3] . [14] employs a multiclass SVM classifier to identify the state of parking spaces using images captured by security cameras. A method combining inter-space correlation and SVM using camera images is employed in [15] . However, placing dedicated sensors supposes either regular data collection by an employee, or wireless access, the approach also suggests either battery or dedicated power lines per unit. Using a camera sensing approach involves similar problems (internet connectivity, power supply) in addition to the problems of camera installation alignment, adjusting and positioning, and merging images from multiple cameras. Each parking lot has distinct features (like streetlight placement) that occlude the view from any single camera unit. This ensures that each camera deployment must be customtailored to each particular lot, increasing averaged system cost. In addition to these problems, for each deployment the detection algorithms used must be operator tuned to take shading and discolouration into account daytime, at night, and at all times in between these extremes. A more flexible approach is introduced to map parking spaces using vehicles' pre-installed ultrasonic parking sensors [13] , which essentially builds a vehicle based crowdsensing system. However, the approach requires specific hardware configuration and thus can't be used in low-end or old vehicles. In addition, it is a vehicle-based rather than a phone-based parking search solution, thus it is less applicable when planning outside a vehicle.
Ubiquitous mobile crowdsensing (MCS) solutions by designing and implementing a smartphone application have been proposed as well. For example, smartphone applications such as Parker [3] and ParkSense [12] have been developed to allow users to view where parking spaces are located and also pay for them. However, there are significant limitations of these MCS based approaches. For example, the sensors are only able to detect the existence of parking spaces, but not other important information such as parking time, hourly price and whether it is private or public. Furthermore, these approaches are only able to detect real-time availability information and thus hindering the drivers from planning their trip in advance based on future availability.
B. Mobile Crowdsensing and Incentivisation
Mobile Crowdsensing (MCS) paradigm aims to address the key challenges for data collection or truth discovery in the mobile environment by applying the "Human as a Service" [9] , [18] , [19] concept. It actively engages mobile users to perform more various types of data collection, knowledge discovery or even resource sharing tasks, such as collecting sensing data or content rich data e.g., pictures [20] , [21] , seeking knowledge from the crowd [22] , [23] , and performing location-dependent or time sensitive tasks [24] , [25] . Due to the uncertainty in the performance of the crowd workers, MCS usually asks a number of workers to perform the same task, thus effectively discovering the truth based on crowd knowledge. Unfortunately, it is not always obvious how best to combine the crowds (workers), because the (often anonymous) workers have unknown and diverse levels of expertise, and the potential for systematic biases across the crowd exists. Naïve consensus methods which simply take uniform averages or the majority answer of the workers have been known to perform poorly [22] . Recently, some probabilistic and learning based methods have been proposed [26] - [29] . For example, approaches using Expectation Maximisation (EM) have been employed to discover ground truth for events or other discrete variables [26] - [28] . However, such methods cannot be directly employed here since EM usually assumes a prior probability distribution for the events or discrete variables and it is infeasible to model the parking space availability as such. Unsupervised learning approaches are also used to perform truth discovery for sensing data [29] . However, the proposed approach is not able to capture any potential bias of the workers and thus requires much more data to achieve decent performance, which is not realistic in the real-time information collection for parking spaces.
Another important issue for MCS systems is incentivisation. Human are selfish and incentivisation schemes are essential to recruit and retain crowd workers to contribute their resources for computation and communication. Various schemes can be used for MCS systems. Most of the research has been focused on auction based methods to reveal the truthful cost of the participants when performing crowdsensing tasks [30] - [32] . However, the auction based methods tend to solicit prime quality data from strong players, while the aim of MCS is to achieve more participation for performing simple sensor data collection tasks [33] , [34] . Moreover, it does not justify the reward distribution on other aspects, such as data quality, expertise or efforts level of the crowd workers, because the negotiated price in the auction process is usually not directly related to the results of data collection process. Therefore, incentivisation schemes which distribute rewards based on individual contributions of the workers after the data has been collected have been proposed recently [26] , [29] , [35] . [26] employs an entropy based method to quantify the contributions of the workers while [29] constructs the reputation of the workers for reward distribution. Shapley value based method is also used for reward distribution.
III. PRELIMINARIES
In this part, we first highlight the challenges in building ParkCrowd system for collecting and disseminating parking space information. We then give an overview of the ParkCrowd system by introducing its important components, workflow and data models.
A. Problem Statement
There are three important functionalities ParkCrowd aims to provide:
• Collecting and disseminating real-time parking space information.
• Estimating future availability level of parking spaces.
• Distributing rewards to crowd workers. In the following, the challenges of providing these functionalities are discussed and the measures ParkCrowd takes to meet these challenges are briefly introduced.
1) Reliability of Real-Time Parking Information:
The reliability of the real-time parking space information is related to the fact that the reported parking space is indeed available, e.g., not privately owned or not accessible (e.g., outside parking hours) at the moment. In ParkCrowd, we assume that all workers are cooperating and are not contributing false information intentionally. However, the reliability issue still exists due to the heterogeneous knowledge level of the workers. Since the parking space information is location-dependent, if the workers are not familiar with an area, they may fail to identify a private parking space and treat it as vacant. Such knowledge based reliability issues must be identified by ParkCrowd in order to disseminate reliable information to the drivers. In ParkCrowd, we propose to learn the reliability of the information crowd workers submit based on their knowledge about that area using a set of POI questions. For example, the more a worker is knowledgeable about an area, the more likely the contributed knowledge is reliable. ParkCrowd employs a likelihood maximisation approach to perform reliability estimation for the crowd knowledge based on the answers collected from the workers for the POI questions.
2) Estimation Accuracy of Future Parking Space Availability: To provide more insights to the drivers, ParkCrowd needs to infer the future availability level of the vacant parking spaces. The approach employed by ParkCrowd is to rely on human knowledge to estimate the availability level. The crowd workers are asked to give a numerical score for the availability level. In ParkCrowd, we set the range of the score to be (0, 5). The numerical score can be defined as the expected percentage of the number of vacant parking spaces at a future time point, with 5 indicating most parking spaces are vacant and 0 meaning that most spots will be occupied. However, crowd workers may have different perceptions on the same availability level due to their individual expertise level or personal biases. Therefore, to combine the workers' knowledge for estimating future availability level more effectively, ParkCrowd uses a series of control questions to learn the parameters of the workers such as the biases and remove their effects in estimating the true availability level. More specifically, crowd workers are asked to score the popularity level of nearby POIs in a similar way as scoring the parking space availability. Although the availability data for parking spaces are more suitable as control questions, due to the limited availability of such data, we use popularity level data of POIs instead as a proxy by assuming that workers score human activities related scenarios in a similar manner, e.g., with similar biases.
3) Reward Distribution Based on Knowledge Reliability: Incentivisation scheme is important for recruiting, retaining and eliciting best quality of information collected from the crowd workers. Due to the importance of knowledge reliability for ParkCrowd, a reliability based reward distribution scheme is proposed. The reliability of crowd knowledge in ParkCrowd is affected by two factors. First, the workers' knowledge of the proximal area of parking spaces would lead to both unreliable real-time information and future availability estimation. Besides, the knowledge reliability for estimating future availability level is also determined by their efforts in scoring. If workers are careless in making predictions and give only a random score, the estimation accuracy will be adversely influenced. Therefore, ParkCrowd employs a reward distribution method by considering both factors of proximity based knowledge reliability and efforts level and make reliability related monetary payments to the workers. likely to be available and 0 indicating most spots will be occupied. The location for the group of parking spaces is indicated by W using the ParkCrowd mobile app in a way similar to input pick-up location on Uber app. Moreover, W need to answer a set of POI related control questions Q = {q 1 , q 2 , . . . , q N }, which include the following two types of questions. An example of the collected answers for these two types of POI questions is shown in Fig. 3 .
B. System Overview
• Proximity-based questions are used to identify the reliability of W's knowledge for parking spaces at location . When submitting information for S , W are given a list of POIs and they need to indicate if a given POI is in proximity (e.g., < 100 meters) of or not. The real labels for these questions y = {y 1 , . . . , y N } are binary {0, 1}, with 1 indicating a POI is close to and 0 otherwise. ParkCrowd use 30 questions (N = 30) and half of the questions are true (with label 1) and half are false (label 0). The workers' answers X = {x i, j }, where i ∈ {1, . . . , N} and j ∈ {1, . . . , M}, are recorded as binary {−1, 1}, with 1 indicating a POI for question i is selected by worker w j as in proximity of and −1 otherwise. Such binary choices are shown in Fig. 3 as the ✓and ✗. Based on these data, models can be built to identify unreliable information collected from W.
• Human activity/popularity based questions are used to learn the parameters of W, e.g., bias and variability, when they are estimating human activity level related situations, such as the availability of parking spaces, the popularity of a POI, etc. By combining the learned parameters of W from the answers and the collected parking space availability data D avail , the potential availability level D avail can be more accurately captured by removing the knowledge biases of W. Although the best way to obtain such information is by collecting W's knowledge on the availability level of parking spaces which have usage records, due to the limited availability of such information and the location-dependent nature of the system, we use the human activity level of nearby POIs as a proxy to learn the workers' parameters in ParkCrowd.
The activity levels Z = {z i, j }, where i ∈ {1, . . . , N} and j ∈ {1, . . . , M}, are scored by worker w j for POI question q i and z i, j ∈ (0, 5), which has the same range as D avail . An example of the reported availability score is shown in Fig. 3 .
2) Data Aggregation: After P receives D and Q, it aggregates them per location as D and Q based on the hash of the geo-decoded street address h(g( )), where h is a hash function and g is geo-decoding function to obtain street address from GPS coordinates. Intuitively parking spaces S at different locations should be grouped based on the proximity of their GPS coordinates. However, street address based aggregation is used by ParkCrowd because S at the same street address would be more likely in the visual range of the drivers as a result of urban planning, thus avoiding the situation that S on the other side of a city block or a wide street but close in terms of GPS coordinates cannot be easily found by the driver. The answers for POI questions are also grouped per and processed by the system to identify workers' reliability and estimating parking space availability level based on workers' knowledge.
3) Data Processing: There are two stages for the data processing. The first stage estimates the reliability of the realtime availability information collected by W. There are two purposes of evaluating reliability: a) It captures the fact that the workers who are not familiar with the area are more likely to submit incorrect data, such as reporting private parking spaces, wrong parking price, etc. b) The familiarity of W affects the estimation accuracy of the future availability. The POIs in the questions are mostly nearby and the results are based on the workers' knowledge of those POIs. After the first stage, if the reliability of the information collected by a group of W is satisfactory, the data D avail collected from the workers are then combined to learn the parameters of the workers and estimate the parking spaces' future availability level. Otherwise if the reliability is low, the collected information will not be processed further and disseminated by ParkCrowd. In the second stage, the diverse levels of expertise of the workers are learned first. The estimated future availability is computed by combining the crowd knowledge after eliminating the effects of diversity of expertise such as bias.
4) Data Dissemination:
Basic information of the parking spaces and the processed data, including the estimation results for future availability, are disseminated by P to the mobile applications installed on drivers' smartphones. As for the other types of data such as parking hours and hourly price, ParkCrowd adopts a recommender system style approach to show the drivers a list of the workers' answers ranked by their expertise level. ParkCrowd also implements a map view to show all nearby published parking space information on the mobile app.
5) Rewarding:
Crowd workers that contribute information will receive certain amount of monetary payments from the platform P. These reward payments come from the revenue of operating ParkCrowd system. For example, subscription fees that are paid by drivers can generate revenue for the system operator, while advertisement on the smartphone application is another potential revenue source. Moreover, to incentivise participation of W and encourage them to submit more reliable data, ParkCrowd applies a knowledge reliability based incentivisation scheme to reward crowd workers. The amount of the rewards R = {r 1 , . . . , r M } for each worker w j are computed based on both the learned reliability, and their consistency in estimating the popularity levels of POIs, which reflect workers' efforts in estimating parking space availability level.
IV. MODELS
This section presents the models used for estimating information reliability and parking space availability level based on crowd workers' knowledge. The reliability based incentivisation scheme is also discussed. As aforementioned, ParkCrowd uses location-dependent control data (POI questions) for both the reliability and availability estimation. The control data for reliability estimation are binary POI questions to test their familiarity with that area. The availability control data are human activity level score which can be used to learn the parameters for workers, such as their biases in making estimations.
A. Reliability Estimation for Real-Time Information
As introduced in Section III, W collect the answers X = {x i, j }, where i ∈ {1, . . . , N} and j ∈ {1, . . . , M}, for the true label y = {y 1 , . . . , y N }. x i, j ∈ {−1, 1} and y i ∈ {0, 1}. Therefore, we model such problem of maximising the likelihood of the reliability of the information as a two class probabilistic classification problem. The two classes correspond to that the indicated free parking space is indeed available and accessible, for example, it is not private parking space, limited usage by member or electric car only, etc. The model aims to map the answers from crowd workers to a probabilistic judgement on the reliability of that parking space information. When workers submit answers x i, j for POI question q i , the weights w j of the answers from each crowd worker j can be learned from labels y i . The training dataset is thus (x 1 , y 1 ), (x 2 , y 2 ) , . . . , (x N , y N ), in which x i = {x i,1 , . . . , x i,M } is the input data for q i from all workers and y is the label vector. The relationship between y and X would be to maximise the likelihood of the following function:
where P i (1|β, x j ) = 1/(1 + e −β T x i ) and β is the coefficients vector for the workers' answers X in the likelihood estimator. However, there are a limited number of POI questions that a worker can answer due to time limit and user experience. Moreover, the number of workers that contribute information for a specific parking space within a short time frame would also not be very large, e.g., up to 10 or 20 workers. Therefore, the number of parameters that need to be estimated is relatively large compared to the number of training data, which could cause overfitting problems. To mitigate such problem, we add a L2 regularisation term to the likelihood estimator:
To solve (2), one can compute the gradient descent w.r.t. w and find the optimal w step-by-step using the following formula:
where
The estimated likelihood of the reliability of the collected information can be made using P(1|x , β) where x is a vector with all elements being 1 indicating that all workers tend to declare the existence of the parking space.
B. Joint Estimator for Scoring Parking Space Availability
To estimate the parking space availability from workers' provided score, one needs to know and remove the effects due to heterogeneous parameters of the workers such as their bias in making estimations in order to combine their answers more effectively. One way to address this problem is to score workers using their past performance on problems similar to the current problem. However, this is not always practical, since it is difficult and costly for anonymous workers to maintain historical records. Another problem with this approach is that worker's past tasks may be very different from the current task. One alternative approach is to "seed" some control questions with known answers into each worker's assigned tasks, then score each worker's reliability using these control questions, and weight their answers according to their reliability [36] . In ParkCrowd, we consider using a Gaussian model for modelling workers' parameters and the availability estimation:
where μ * i is the true answer for the question, and b j and σ * j are bias and variability for the answer given by worker j . In the following, we will explain the model using control questions to improve the estimation of parking space availability information.
Joint Estimator: We directly maximise the joint likelihood of the crowdsensed availability data {z i j } of both target and control questions, with μ C of the control questions clamped to the true values μ * C . That is,
where Z = {z i, j } represents the matrix storing the label for question q i submitted by worker j , μ = {μ i } is the vector of true label for all questions, b = {b j } and σ = {σ j } are the vectors of the biases and variabilities of all workers respectively, C is the set of control questions, T is the set of target questions the model aims to estimate, and ∂ i is the set of workers who submit answer for q i . Therefore,
where C = { i∈C j ∈∂ i 1 2 log 2π + i∈T j ∈∂ i 1 2 log 2π. Suppose there are M crowd workers and N data,b j ,σ j and μ i can be computed using Block Coordinate Descent (BCD), which alternatively updates the variables till convergence by computing the gradient decent of the joint estimator's objective function in (6) . For the sequence of updated vari-
. . ,μ k N } at the k-th iteration of BCD, the following calculation are performed:
where ∂ C j and ∂ T j are the answers given by worker j for the questions in the control set C and in the target set T respectively. Therefore, givenμ k , one can find the nextb k+1 andμ k+1 by:
Moreover, to better differentiate the performance of the workers, we also compute the weights for each worker after obtainingb k+1 when estimatingμ k+1 :
The estimated true value at (k + 1)-th iteration is:
C. Reliability Based Incentivisation Scheme
The incentivisation scheme for ParkCrowd is trying to capture the heterogeneous reliability of workers' knowledge in collecting parking space information. As aforementioned, the scheme focuses on the reliability of location-dependent knowledge and the efforts level of workers in estimating parking space availability level. In general, to calculate the amount of reward, ParkCrowd takes two steps:
1) The coefficient β obtained from reliability estimation model is used to eliminate unreliable workers in the rewarding process. 2) The efforts level of the remaining workers are decided based on their variability in estimating the human activity level related questions including POI popularity and parking space availability. The first step employs the POI questions to identify outliers, i.e., workers not familiar with the area. We treat those who have low reliability level as outliers and directly exclude them from receiving rewards. The main objective of the second step is to identify the workers who are careless in making estimations, which reflects the efforts level of the workers. Moreover, the second step can give further hints on the reliability of workers' knowledge. One can identify the different efforts levels by computing the variabilityσ j of the worker j :
The following theorem indicates that the workers' variability has direct impact on the estimation of the parking space availability in terms of the mean squared error (MSE) of the joint estimator.
Theorem 1: Assume the crowdsensed data {z i j } are drawn from p(z i j |μ * i , b * j , σ * j ), where {μ * i } and {b * j } are drawn from priors Q μ and Q b respectively. Asymptotic expected MSE of the joint estimator defined in Subsection IV-B is:
where We want to reward workers based on their efforts in obtaining the asymptotic estimation given by (15) , however, the contributions for individual workers are difficult to quantify and compare using (15) , especially when the number of answers given by the workers are different. We propose the following simplified version to quantify individual efforts level for reward distribution by focusing only on tr((H μμ ) −1 ). It can also be shown that tr((H μμ ) −1 ) in most cases is also a good indicator for the MSE for the estimator [37] , [38] . Given:
By combining the results of β and tr(H μμ ) −1 ), the final reward is calculated as the percentage of the individual worker's effort
Algorithm 1 ParkCrowd Algorithms
Step 1: Reliability estimation using POI questions Input : The labels {x i j }, and true labels y i of the training data. Output: Coefficient vector β while Iterate until convergence do
Step 2: Availability estimation with POI based score Input : The labels {z i j }, and true labels μ * C of the control questions. Output: Estimated availabilityμ, worker biasesb Initializeb j = 0 and weightŵ j = 0 for all worker j ,
Step 3: Reward distribution Input : The coefficients β from step 1. Output: Amount of rewards r j distributed to worker j .
, end else r j = 0, end level over all efforts in minimising the estimation error:
where th is a threshold for eliminating unreliable workers using proximity based POI questions, R is the total revenue to be distributed among the workers andσ 2 j are the estimated variability of the workers in answering human activity related questions.
D. Summary
Overall, the operations ParkCrowd performs are summarised in Algorithm 1. In terms of the complexity of the operations, every iteration in step 1 and step 2 both takes O(M N) and the computation of rewards takes O(M). In practice, the convergence speed of the operations in step 1 and 2 are usually very fast due to the limited number of workers and control questions. Therefore, the computational time is not a big concern for the models. 
V. EVALUATION
We evaluate the performance of ParkCrowd using both reallife experiments and simulations. In the real-world experiments, we recruit workers to report parking space data using the ParkCrowd mobile application we developed for Android systems. A back-end cloud service is also implemented for data aggregation, storage and processing. The experiment results indicate that ParkCrowd can successfully identify unreliable information, make accurate estimation on future availability, capture the expertise levels of crowd workers and reward them accordingly. To evaluate the performance of the system on a large scale, we also perform extensive simulations.
A. Prototype Implementation and Experiments
We implement the ParkCrowd mobile application (mobile app) on Android OS and the back-end cloud server using nodejs. The communication between the mobile app and cloud server is conducted via several Rest APIs [39] . The user interface (UI) of the mobile application is shown in Fig. 4 . The app can differentiate the roles of crowd workers and drivers using the login page shown in Fig. 4(a) . The crowd workers are able to view the list of previously reported parking space information (Fig. 4(b) ), select the location of the vacant parking spaces they want to report using a Google Map based service (Fig. 4(c) ), and submit relevant information and answer POI questions (Fig. 4(d) ). After receiving the reported information, the cloud server aggregates and processes the data and disseminates the results to the drivers, who are able to view all recently reported vacant parking spaces on a map (Fig. 4(e) ) and check the details of them (Fig. 4(f) ) using the mobile app.
1) Experiment Settings:
We have carried out real-life experiments using the developed ParkCrowd prototype to crowdsense parking space information at seven different locations in London. The full list of locations is shown in Table I . All locations provide on-street public parking spaces. For each experiment, 10 workers (college students and researchers) are recruited to report the parking space information and answer POI related questions. Moreover, at each location, a certain number of recruited workers are local, which means that the locations of the parking spaces are in proximity of some places they are very familiar with, such as their homes or workplaces. In terms of the evaluation metrics, we focus on 1) the accuracy of the estimated availability of the parking spaces, and 2) the impact of workers' expertise on the overall reliability of information, and 3) the amount of rewards received. The time when the experiments are carried out is between 9:00-9:30 during the morning rush hour when ParkCrowd would be mostly used in the real world. The ground truth occupancy information of the parking spaces are also collected at the same time. 1 In particular, we record the workers' reported information and answers at 9:00 and the vacant parking space information at 9:30 respectively. The availability level of recorded parking space information is converted to a score between 0 and 5 using the following formula:
# vacant spaces at 9:30 # total spaces
For example, for location #2, there are 10 spaces in total and 8 of them are vacant at 9:30, then the availability score for the parking spaces at location #2 is 8/10 × 5 = 4. Another important issue for the ParkCrowd system is how to obtain the ground truth data for popularity levels of POI, which are essential for learning the workers' parameters. In ParkCrowd, we collect the check-in data from FourSquare [40] and use the number of check-ins as the indication of popularity level, given the assumption that people estimate both the availability of parking spaces and popularity Table. I). level of POI based on their perceptions on human activity level. To align the score of popularity level to that of parking space availability, we apply the following formula to the obtained check-ins counts to transform it to the range of (0, 5).
The reason we use a log 10 function here is that the cumulative distribution function (CDF) of the check-in counts for the POI has a similar shape to 10 x , thus a transformation using log 10 gives a linear approximation. The min operation is mainly used to remove outliers and does not have big effects on the final score, which can be proved by the simulation results. Fig. 5 shows the results of 1) the estimated reliability of the collected parking space information and 2) the estimated availability score (0-5) at the seven locations. The reliability is shown as a probability, which is computed using the logistic function in Section IV. As illustrated according to the red line in Fig. 5 , the information at locations with lowest number of local workers (i.e., location #1) has lowest reliability probability, which indicates that the system is less confident with the information obtained from the workers at these locations. Moreover, the proposed joint estimator also successfully removes the impact of workers' biases in their estimation. The estimation obtained using the joint estimator is more accurate in six of the seven locations and achieves an improvement of roughly 30% compared to using the average availability score. Another observation is that when the reliability probability is higher, the estimation is also closer to the ground truth. Fig. 6 shows the amount of rewards distributed to the workers (ranked by the amount). The threshold th used for eliminating workers in the reward distribution process is 0. The red bars indicate the rewards for local workers, who are supposed to be more familiar with the areas and receive more rewards, and the blue bars indicate the rewards paid to random workers. Moreover, based on the reward distribution model shown in Subsection IV-C, some workers are eliminated from the reward distribution process and receive zero reward due to the low reliability. As illustrated in Fig. 6 , the workers receiving the highest rewards are mostly local and familiar with the locations of the parking spaces. However, some local workers are also eliminated in the reward distribution process and receive zero reward. This could be due to the selected threshold. Take the location #7 for example, if the threshold is reduced to −0.1, both of the two local workers who are eliminated with th = 0 would get paid. Another phenomenon is that some workers who are not local still get paid. This can be explained from the following two perspectives: 1) In the control questions, the names and the types (e.g. pub/museum etc.) of the POIs are displayed on the application, which makes it possible for non-local workers to make reasonable guesses. For example, when a museum type POI is shown, non-local workers can guess a higher popularity score based on the fact that museums usually attract a large number of visitors; 2) When most workers are non-local, the model's parameters could be skewed in a favourable way for the random workers. Nevertheless, as for both cases, the rewards received by the random workers are still much less than the local ones. For example, as for location # 1 (Canada Palace), though nine of the ten workers are random and five of them receive rewards, the amount they receive is extremely low compared to the single local worker.
2) Experiment Results:
B. User Feedback and Discussion
We collect some feedback from ParkCrowd users during the experiments. Based on their feedback, the current limitations and a number of possible improvement which could be made to ParkCrowd are discussed.
1) Data Aggregation Method:
An important aspect mentioned by the users is the data aggregation method. Some users tend not to be able to accurately specify the locations of the parking spaces on Google Map, thus making the system fail to aggregate the information for the same group of parking spaces. Different users also tend to have different interpretations for the parking spaces at the same location. For example, some users treat 10-15 parking spaces as the same location while others tend to group them with a smaller range or distance. However, once the basic information such as location and number of spots of on-street parking spaces can be collected on a large scale, ParkCrowd would be able to infer the grouping information in a better way to improve the current aggregation method, such as by employing a hybrid approach using both address, street map, distance, etc.
2) POI Questions and Scoring Process: The POI and the parking space availability questions sometimes cause confusion to the users. The ParkCrowd UI adopts a rating based approach, however, such approach does not directly relate to any quantifiable way for parking space availability. Some users suggest using the number of vacant parking spaces for the input data. However, this suggestion may not work if the data aggregation method fails to differentiate the groups of parking spaces. One potential solution is to give more detailed instructions to the users to educate them about the idea behind the UI design and the purpose of the application as a whole. Although it is time consuming to educate new users to use the app in this way, most users tend to perform the tasks in a consistent way for the following experiments after the initial instructions.
3) Additional Functionalities: Based on the feedback of ParkCrowd users, two additional functionalities are highly sought after. The first one is to offer in-app parking space reservation function. However, due to the public nature of the on-street parking and high cost for related infrastructures, it is unrealistic to provide any reservation service through ParkCrowd. Another suggested functionality which seems to be more feasible is route planning, which provides drivers guidance on how to plan their route to find vacant parking spaces based on the collected data and their journey destinations. This route planning problem can be solved using certain combinatorial optimisation frameworks such as maximum coverage or shortest path. However, due to the uncertainty for the availability estimation, a probabilistic approach would be more appropriate. We plan to address relevant issues in the future work.
C. Simulations
Since a large-scale real-life experiment is infeasible due to limitations of resources and manpower, we carry out simulations to examine the performance of ParkCrowd on a larger scale. Similar to real-world experiments, we evaluate the performance of estimating the information reliability, estimating future availability as well as distributing rewards.
1) Datasets:
We collect one week parking space availability data of 95 parking lots in New York from [4] . Because the data of on-street and roadside parking spaces are difficult to obtain, we use parking lots data as proxy for the on-street and roadside parking space data in the simulations, which we believe would reflect the performance of ParkCrowd in a very similar way. For each parking lot, 10 workers are recruited to report information. We use 10 workers because we believe in real-life scenarios, there would not be a large number of workers reporting parking space information within a short time frame (e.g., 1-2 minutes) as we focus on collecting real-time information. The workers are split into local and random workers. However, although there are some parking spaces availability data, the workers' estimation data for the reliability and availability cannot be easily obtained. In order to mitigate the problem of missing data, we make some simple assumptions which are then used to generate crowdsensed data:
• Different types of workers have different probabilities to answer a question correctly. Therefore, we introduce an evaluation parameter for the probability that local workers give correct answers.
• The worker predicted availability data are generated using Gaussian models N (b j + μ i , σ 2 j ) as in (5) . The bias b j and variability σ 2 j of the workers are also chosen randomly in the simulations.
2) Evaluation Parameters:
The following two parameters are evaluated in the simulations:
• Percentage of local workers refers to the ratio of local workers among all workers for each simulation. For a specific parking lot in the simulations, if five of the ten workers are assumed to be local, the percentage of local workers is then 50%. The simulations use a range between 0% (no local workers) and 100% (all workers are local).
• Probability of correct answers from local workers indicates the chance that a local worker is able to answer a question correctly. It has different meanings for reliability and availability estimation. As for reliability, a probability of 0.9 indicates that a local worker is able to answer 90% of the binary POI questions correctly, while for availability estimation, it refers to the probability that the local worker will give a normally distributed score with the mean equal to his or her bias plus the ground truth popularity level. A range between 50% and 100% is used for this probability in the simulations. The reason we choose these two parameters is that the percentage of local workers is very likely to affect both the estimated information reliability and availability. Intuitively, the larger percentage of local workers, the more reliable and accurate the crowdsensed information would be. The probability that a local worker gives a correct answer also influences the performance and it is meaningful to study the impact of this probability on the reliability and availability estimation performance of the proposed models. In the simulations, the probability that a random worker gives a correct answer is set to be 0.5.
3) Results: For each combination of evaluation parameters and parking lot, 50 simulations are performed (overall 313500 simulations have been carried out). Fig. 7 shows the Fig. 7 . Simulated reliability probability (z-axis) w.r.t. 1) the percentage of local worker among all workers (x-axis) and 2) the probability local workers give correct answers (y-axis).
simulation results for reliability estimation. The system is able to give a high reliability (e.g., 0.9) if at least 20% workers are local and if they are able to give correct answers to POI questions with a probability of 90%. This is an indicator for potential good performance since not so many local workers are required to achieve a confident level of the reliability of the information collected. Moreover, with more local workers reporting parking space information, the required probability of correct answers rapidly declines. For example, if all workers are local, a 0.6-0.7 probability of getting correct answers would be sufficient for the system to give a high reliability estimation (e.g., 0.9).
As for availability estimation results, Fig. 8 indicates strong performance. When the local workers account for 50% of all workers and can answer POI questions correctly with 0.8 probability, the estimation error is below 0.5 (of a score between 0 and 5). Moreover, with high percentage of local workers and high probability of correct answers, the error can be as low as 0.1. Compared to the percentage of local workers, the parameter for probability of getting correct answers plays a more important role. If the local workers are able to answer all questions correctly, only 10% of local workers is able to reduce the estimation error below 0.5. Besides, the results indicate that although the model makes approximations by constraining the Gaussian score between 0 and 5, it is still able to produce accurate estimation by capturing the bias and variability of the workers. Fig. 9 shows the simulation results for reward distribution. Since 10 workers are used in each experiment, the average normalised reward for each worker is 0.1. There are a number of key observations from Fig. 9 . First, the surface in the left subfigure is a strict upper-bound for the surface on the right, which means that the reward received by a local worker is strictly higher than a random worker. Moreover, when the Simulated errors of availability estimation (z-axis) w.r.t. 1) the percentage of local worker among all workers (x-axis) and 2) the probability local workers give correct answers (y-axis).
number of local workers is small (e.g., one local worker), the rewards received by local workers is much higher (close to 1) than random workers (close to 0). The only scenario that the rewards received by random worker is close to local workers is when local workers give random answers (% 50 correct answers). In this case, both local and random workers will receive 0.1 on average.
VI. DISCUSSION AND CONCLUSIONS
A. Discussion
We discuss this paper with a focus on its limitations and propose potential future work:
1) POI Based Control Questions: This paper employs POI based control questions to reduce the estimation error of parking availability. However, POI data are not directly related to the parking data, which would make it difficult for the model to fully capture the perception errors of crowd workers. However, to our best knowledge, such data are not widely available. Therefore we choose to fuse FourSquare POI popularity data into the model to indirectly estimate the perception errors of crowd workers. In the future, we plan to collect and build our own datasets for parking spaces to improve the performance of the proposed methods.
2) Combined Sensor and Crowd Based Approach: This paper aims to build a cheap solution to report parking availability without relying on fixed infrastructure due to deployment cost. However, it would be interesting to build a hybrid approach that explores both sensor and crowd data. For instance, sensor nodes that are deployed on parking spaces can help profile the historical availability level of the parking spaces. Using both historical data and crowd contributed information may improve the accuracy of short-term predictions. Fig. 9 . Rewards paid to local workers (left) and rewards for random workers (right). The rewards received by local workers strictly dominate (as an upper bound) the rewards for random workers.
We propose exploring this solution to find out the trade-offs in terms of cost and accuracy in future work.
B. Conclusions
In this paper, we propose ParkCrowd, which collects and disseminates parking space information based on crowd knowledge. ParkCrowd offers the drivers not only the basic information of parking spaces such as location, hourly price and real-time vacancy status, but also makes estimation of future availability of the parking spaces by aggregating crowd workers' knowledge. To estimate the reliability of the information reported by the crowd workers, we introduce locationdependent POI questions to dynamically score the workers' expertise. Two different probabilistic models have been proposed to infer the collective reliability of the information for vacant parking spaces as well as the accuracy of the estimation for the availability level. Both real-world experiments and simulations indicate strong performance in identifying unreliable crowd contributed information and making accurate estimation of parking space availability. Moreover, ParkCrowd also implements an incentivisation scheme to distribute rewards to crowd workers based on their reliability and expertise level. Experiment results indicate that the rewards are paid in alignment with individual reliability and expertise level of the workers.
Fengrui Shi received the B.Sc. degree in electronics and information engineering from Zhejiang University and the M.Sc. degree in electrical engineering and information technology from ETH Zurich, where he studied computer engineering with a focus on mobile systems. He is currently pursuing the Ph.D. degree with the Department of Computing, Imperial College London. He focuses on the fundamental issues of mobile crowdsensing systems, such as data collection, analytics, resource allocation and incentivisation. 
Di
